Abstract-Player Modeling is becoming an important feature in Digital Games. It basically consists in understanding and modeling the player characteristics and behaviors during the game and has been mainly used to improve the games artificial intelligence, making games more adaptable to different players. In this paper, we try to characterize the preference of the players using a novel approach in games: we use mathematical regressions to characterize players behavior, looking for functions that best fit these behaviors. Using AI controlled players in Civilization IV as a testbed, this characterization is performed by extracting game data (score and resources, for example) at the end of each turn and generating functions that characterize the data evolution during the game. We were able to obtain models that distinguish the agents preferences showing the effectiveness of this approach.
I. INTRODUCTION
The main goal of computer games is entertainment and one of the best ways to achieve it is generating challenging situations for each player. One way of doing this that is gradually receiving more attention from the scientific community is player modeling [1] , i.e., automatically adapting the game for each player. This modeling can be based on several characteristics such as knowledge, satisfaction or preferences.
Preference modeling consists in the observation of players with the objective of classifying them on a preference group. Among the several preference groups, we can try to classify the players by the way they play. Two works that have done this are [2] and [3] . The authors used the game Civilization IV to try to learn with AI controlled agents of the game and use the learned models to classify human players. Unfortunately, the authors did not have much success on this goal.
We believe that a better understanding of artificial agents behavior is essential to make this type of classification. Our work is an extension of [2] and [3] since we evaluate some of their assumptions and we propose a different approach for the problem of modeling player preferences in the game Civilization IV. We believe that the best way to model human players is trying to fit them in a predefined profile in the game. In this direction, Civilization IV is extremely interesting since it has a great amount of agents with distinct characteristics.
The game Civilization IV is turn based and after each turn we can collect information from its gameplay (from now on we call the end of each turn state). A state consists of several game information like the amount of gold a civilization has or the number of cities, for example. Besides the game states, we can also define the agents preferences, which are descriptions of the way the agents play, i.e. their main priorities during the game such as gold, culture or religion. These preferences are defined by the agents attributes, numbers attached to each agent description.
There are several paths to explore in player modeling, but the two main questions that we want to answer in this paper are:
• The information of intermediate states of the game do characterize distinct preferences of different agents? • What available information distinguish the agents preferences? What is the relation between their predefined attributes and this information? These questions are answered with an extensive characterization of the behavior of AI controlled agents, looking for relations between the agents predefined preferences and their behavior.
The main contribution of this work is the introduction of models that are able to distinguish the behavior of agents with different preferences. We also present evidences that data may be influenced by more than one preference. This reflects interactions between preferences, which directly influences in the gameplay and, sometimes, can be counterintuitive.
We start from the premise that the adversarial agent actions do not impact the state of the player we are analyzing and we characterized several of its behaviors and preferences. After this first phase, we relax this premise and we note that it is correct. Thus we can assume this independence with no further consequences.
This work is organized as follows: the next section presents works somehow related to this, while Section III deeply discuss the game platform used for tests, the agents preferences and the way they are modeled. Section IV explains the used methodology for the agents behavior characterization. Finally, Section V presents the characterization of different agent preferences and the utility of separating data between matches that were won and that were lost. Section VI concludes this paper with a final discussion and the presentation of several possible future works.
II. RELATED WORK
A quantitative characterization (in other areas known as workload characterization) in games is not a common activity in the field and, when it is done, is generally related to game performance. A work that really characterized game data was [4] that evaluated system performance while executing different 3D games. Another interesting work is [5] where the authors characterized movement patterns in a FPS game. As far as we know there are no works in the field that analyzed data (characterized it) obtained during a game, focusing on a better comprehension of its agents AI. Our work does this as a different approach for player modeling, an area that is gradually receiving more attention. A taxonomy for it, as well as a large revision about the main papers in the field, is presented in [1] .
A related work that characterized its data focusing on player modeling is [6] that presented a very complete discussion about these data, mainly based on the search for correlations to maximize the players satisfaction through the automatic content creation.
As mentioned, our work is based on [2] and [3] . Both works tried to model Civilization IV agents preferences. As previously discussed, we have the same objective but the authors of these works, after gathering the data just processed it with machine learning algorithms, without a deeper comprehension of them. We believe this comprehension can benefit the search for the problem solution. Other works that are also related to the preference modeling topic are [7] and [6] .
Due to the small number of characterization works in the game field, mainly applied to some kind of classification, we also looked for papers from different areas that did data characterization that were later used by a classification algorithm based on machine learning. A work that met these requirements is [8] where the authors characterized textual documents evolving through the time. They presented evidences of this evolution as metrics and experiments that confirmed it. Another work in this same subject was [9] that redid the analysis presented in [8] for an additional dataset. He also applied factorial projects techniques [10] to identify the impact of variations in the classification algorithms.
During the text we present the main concepts that are necessary for understanding our work but a much deeper discussion about the main mathematical concepts used in our analysis is done by [10] .
III. CIVILIZATION IV, AGENTS AND THEIR PREFERENCES For a better understanding of this work, including the analysis performed, it is important to deeply discuss the game being characterized, i.e., Civilization IV.
A high-level description of this game is nicely presented in [2] : "In CIV4 [Civilization IV] a player begins with selecting an empire and an appropriate leader. There are eighteen different empires available and a total of 26 leaders. Once the empire and leader have been selected, the game starts in the year 4000 BC. From here on, the player has to compete with rival leaders, manage cities, develop infrastructure, encourage scientific and cultural progress, found religions, etcetera. An original characteristic of CIV4 [Civilization IV], is that defeating the opponent is not the only way to be victorious. There are six conditions to be victorious as mentioned in [11] : (1) Time Victory, (2) Conquest Victory, (3) Domination Victory, (4) Cultural Victory, (5) Space Race and (6) Diplomatic Victory. Because of these six different victory conditions the relation between the player and the opponent is different from most strategy games. The main part of the game the player is at peace with his opponents. Therefore it is possible to interact, to negotiate, to trade, to threaten and to make deals with opponents. Only after declaring war or being declared war upon, a player is at war. Any player can declare war any time, unless that player is in an agreement with an opponent which specifically forbids war declaration.".
Once we presented an overview of the game, we can discuss some of its details: the turn based pace of the game is very useful for us since it clearly defines the data collection moment at the end of each turn. This collection was done in [2] and [3] as well. Our work characterizes the same data used in these works, which are the result of the collection of each turn of matches between non-human agents. The way this data was generated is discussed in the next section.
Each civilization in the game is represented by a specific agent (leader) and each agent has specific preferences as we previously discussed. They are discrete variables and their set of possible values is {0, 2, 5, 10}. This game is extremely complex and it consists on the management of a set of entities that are in the civilization, like military units, workers and cities. Each of these entities can receive different instructions at each turn and these instructions define the way a civilization evolves. Civilization IV has several scores for each civilization concern, like technology, military, growth and religion, and these scores are affected by the entities actions. We call these scores as indicators of agents tendencies, since it is much easier to collect and interpret them in contrast to analyze each agent single action. The way we did this is also discussed on the next section.
To illustrate last paragraph's discussion consider the following example: cities are responsible for creating buildings, units or spreading influence (among others) while military are responsible for defending these cities or attacking enemies. Workers are responsible for the evolution and harvesting of the lands around the cities. Each of these units in a turn may be ordered to act somehow: a city can be instructed to build a military unit while a worker can be ordered to build a road in the map. At the end of the turn, supposing that the city has already finished the military unit construction we may have different scores related to that civilization. The workers job hardly will be observed in the score in a short time since a road is a way to optimize other actions, but the construction of military units certainly will, since the army growth implies in a higher military score.
As previously said, Civilization IV has 26 different agents that are characterized by their attributes (flavours), that are identical to the preferences defined in [2] and [3] . These attributes define the way an agent plays. The players models are explicit implemented [12] by an editable XML among the game configuration files. This is the way we were able to obtain the agents attributes.
In the next section we present the methodology of our experiments, detailing the used data, the agents and preferences that were modeled.
IV. METHODOLOGY
As previously discussed, our objective is to characterize the behavior of different agents and try to correlate them with their preferences. This is done by using game state indicators gathered in several matches between different AI agents. Our intuition was that we would be able to find different functions describing game data for different agents since they have different preferences.
We have worked with the same data [2] and [3] used. They implemented an application called AIAutoPlay that allows computer controlled to play against each other without the need of a human player. Each game takes, at most, 460 turns and this dataset was built randomly selecting six different agents among all of them. Each agent plays against the other five (always in 1x1 games), generating five matches per agent. We repeated the experiments intending to generate more data with this replication: each one was repeated eight times generating 40 battles per agent.
In this paper we have used a subset of the data described above to study three agents preferences: Culture, Gold and Growth. This modeling was performed by observing games between two different agents and analyzing the data generated by these observations. We have carefully chosen these agents in a way that one of them has no interest in a certain preference and the other has high interest in this same preference (values 0 and 5 in the game, respectively). This was done to simplify the comparison between indicators that were supposed to indirectly represent preferences, i.e., we expected a higher value for an agent indicator that has a high interest in the preference related to that indicator.
For example, the agent called Mansa Musa has a high interest in Gold while the agent Louis XIV has no interest in it. Based on this, we compared some indicators of both to model their gold, looking for different functions to each agent. In fact, we expect the Louis XIV indicators to be lower than Mansa Musa indicators since Mansa Musa has a higher preference.
We have used the agents in the examples above to analyze Gold preference. To analyze the Growth and Culture preferences we have used the agents Alexander and Hatshepsut. The Growth preference has a peculiarity: in our dataset there was no agent with a high interest on this preference, just an average interest. We used the agent Alexander as the one having interest on it while Hatshepsut was the one who has no interest. Seven attributes were chosen by [2] and [3] to model each agent. The final attributes that define the agents in the dataset are: (1) Aggression, (2) Culture, (3) Gold, (4) Growth, (5) Military, (6) Religion and (7) Science. All of them, except Aggression, have values in the discrete set F = {0, 2, 5, 10}, that can be interpreted as no interest, average interest, high interest and unique interest [2] . The preference values for Aggression are in the range {1, 2, 3, 4, 5}. In fact no attribute has value 10 in our dataset.
After the characterization of the three listed preferences we separated matches by their results: victory or defeat. We revisited every analysis now using two different sets to understand the game result impact in our characterization, allowing us to answer the question if the result influences the analyzed functions.
In all the analysis, we have characterized each preference comparing the agents states in each turn seeking for a function capable of representing this evolution. We did linear regressions of all the data and, when the data did not fit in this model, we applied transformations on it to be able to use a linear regression, since the mathematical analysis is simpler and it does not imply in a loss of generality. A liner regression generates functions in the form y = b 0 +b 1 x. Our main concern is b 1 since it represents the evolution of the indicators in the game.
We have summarized the agents states calculating, for each turn and for each indicator, the average of 40 matches. At the end we have 460 points where each point p i represents the mean of turn i for all agent matches.
In the next section we will discuss the characterization of each preference modeled in this paper. We also analyze the impact of separating games by their result.
V. AGENTS CHARACTERIZATION A. Culture Preference
As the other characterizations in this paper, we have selected some indicators collected during gameplay under the premise that they would be relevant to analyze the preferences being studied. These indicators were selected intuitively based on our knowledge about the game. All the regression algorithms and evaluation metrics used in this paper are discussed in [10] . We have selected two indicators for this preference: Culture and CultureRate. As previously discussed, the characterization was done using the agents as being the "Overall cultural score" and the "Amount of culture gained per turn", respectively.
We were able to characterize almost perfectly this preference with the two selected indicators. To do it we have modeled the Culture indicator as a polynomial of degree five and CultureRate as a polynomial of degree four. This was very satisfying since it is the order of the derivative of the polynomial that represents the Culture (as expected, we have tested regressions of these indicators to other functions, we decided to present only the best result). As we discussed in the previous section, a linear regression simplifies this analysis without loss of generality so we applied the fifth root to all values of Culture and the fourth root to all values of CultureRate.
As presented in Table I Beyond the regression quality it is important to note that the coefficients b 0 e b 1 of Hatshepsut are larger than those of Alexander with a confidence of 99%. This is what we expected in this situation since Hatshepsut has a higher Culture preference. This result confirms our hypothesis that the gameplay patterns are able to distinguish preferences of two different agents (at least some preferences).
It is interesting to note that this preference has very few interactions in the game and maybe Culture is the most easily preference to be isolated since only buildings generate culture. Most of the buildings that generate culture do not exist at the beggining of the game and they become very present in the future, explaining why we obtained a polynomial of fifth degree. We believe that it should be represented by an exponential function but the limited turn number does not allow enough growing. Among the 1 "The fraction of the variation that is explained determines the goodness of the regression and is called the coefficient of determination, R 2 " [10] 
B. Growth Preference
We have analyzed the Growth preference observing three different indicators: Cities, Land and Plots. The first one is defined as the "Number of cities", the second as "Amount of land tiles" and the third as "Amount of land and water tiles". All these definitions were presented in [2] .
The analysis of these three indicators presented to us a recurrent and expected situation: the existence of two distinct intervals in the dataset. Initially there is a period which the growth rate (of Cities, Land or Plots) is high. This expansionist period occurs when still exist unoccupied lands that are easily dominated. After this initial period we can observe a maintenance phase where there is almost an stabilization of these indicators since all the world has already been "colonized" by some agent. The turn number we have chosen as turning point, as several other information related to the performed regressions are in Table I .
We were able to model these preferences since we obtained functions to each indicator that characterize well the agents behavior during the game, mainly in the expansionist period. All these functions were modeled as lines (two for each indicator, as discussed in the last paragraph). The agents differentiation was also possible in some situations as we discuss in the following paragraphs. Surprisingly, the best indicator for Growth characterization was Cities, that presents the lowest range. For this indicator, we were able to obtain a linear function representing the expansionist period with coefficients different from zero with a confidence of 99% and a coefficient of determination equals to 97.17% to Alexander and 96.80% to Hatshepsut. The second line segment, of the maintenance period, was not so successful in modeling the agents behavior. As in the first line segment, all coefficients are different from zero with a confidence of 99%, but we were able to achieve a coefficient of determination equals only to 71.39% to Alexander and 56.02% to Hatshepsut. The regression of these indicators are in Figure 3 .
In the expansionist period we were able to show that the model coefficients are different between agents. As we said, We were also able to show that the coefficients in the second line segment of Alexander are larger than those of Hatshepsut. This result is not so important due to the coefficient of determination of these regressions, but is still interesting to note that these data corroborate the hypothesis that agents with a higher preference by Growth have larger coefficients.
The Land indicator allowed us to characterize the expansionist period (coefficient of determination equals to 97.90% to Alexander and 93.76% to Hatshepsut), with a confidence of 95% that the coefficients are different from zero -we were able to achieve b 1 = 0 with a confidence of 99% but we were not able to distinguish the coefficients between agents. In the maintenance interval the regression did not explain the data nicely since the coefficient of determination (R 2 ) of Alexander in this interval was 23.90% and 50.04% to Hatshepsut. Even being able to show that the coefficients are different from zero with a confidence of 99% there is no sense evaluate the intersecction between these two agents. Figure 4 presents this regression and, as the others regressions, its coefficients are presented in Table I where the confidence intervals are presented with a confidence of 90% to show that relaxing the confidence interval still does not allow the coefficient separation. There is a reason to the Land indicator be descriptive but not discriminative. As the Cities indicator, initially there are too much to be conquered and this allow us to precisely describe the expansionist period but not the maintenance period since there is a natural unpredictability in the game after its stabilization, this is what generates entertainment. This unpredictability is smaller to the Cities indicator because is harder to have a decrease in its value since a whole city must be lost while, for the Land indicator, this variability is much higher since its borders change much more frequently. This alteration also depends on other preferences like Culture, that also makes it harder to be modeled.
We believe the inability to discriminate the generated model coefficients are due to the fact that Land can also grow with investment in culture, not necessarily just building cities. An agent who privileges cities may evolve its territory just like an agent that does not but invest in culture, what raises its cities borders and maybe imply in a high Land value. The non-independent coefficient (b 1 ) is the growth rate of the agents borders, this implies that the cities creation generates peaks in some curve points but, in general, this is amortized since we generally have a maximum of 10 cities and 460 turns.
Finally, the last indicator we evaluated was Plots, that is Land summed with the water tiles. As Land we were able to nicely describe the expansionist period but we were not able to discern the two agents (Alexander coefficient of determination is 99.15% and Hathshepsut is 95.05%, with b 1 different from zero with a confidence of 99%). All the discussions previously done are also applicable here. The biggest difference between these two indicators was related to the second phase, the maintenance. We were able to achieve better models than those of Land indicator (R 2 equals to 78.73% to Alexander and 88.22% to Hatshepsut with coefficients different from zero with a confidence of 99%). The regression of these indicators is in Figure 5 . We believe this higher "stability" is explained just by the water tiles that are harder to be lost by reasons like Culture.
As the other indicator, its coefficients overlaps. Based on this, the number of cities in each turn is the unique indicator that allows us to discern agents with different game preferences while all indicators successfully describe the agents behaviors. It is interesting to highlight that the chosen agent, as the one with higher preference, did not have this preference on its higher level, showing us that even intermediate levels are distinguishable.
Besides this, we were able to observe that the characterization/differentiation sometimes is impaired by the interaction of different preferences in the indicator.
C. Gold Preference
The selected indicators for this preference were Gold and GoldRate. They were defined by [2] as being, respectively: "Amount of gold" and "Amount of gold gained per turn".
We were able to model the GoldRate indicator for the two agents as a line. The coefficient of determination of the linear regressions to Louis XIV and Mansa Musa was, respectively, 98.72% and 96.14%. Besides this, the models coefficient b 1 of each agent is different from zero with a confidence of 99% (we were not able to show b 0 different from zero, what is not a problem since it represents the initial value). These regressions are presented in Table I among all other regressions performed in this paper.
This regression indicate us that the amount of gold received each turn grows following a linear function but, apparently the agent preference does not impact in the way it receives gold. This affirmative is valid because even relaxing the confidence of our evaluations we were not able to find intervals that do not overlap. Figure 6 presents a visual evaluation of the regressions done. Once apparently the amount of gold received each turn is similar, independently of the player preference, the second hypothesis raised is that the amount of gold stored by each agent would be different. Contrary to our expectations, we were not able to model gold as a polynomial of degree two (the integral of the growth rate, represented by a linear function). After a more careful analysis we concluded that this was the expected result since accumulated gold may be seen as a waste of resources in the game.
The best characterization we achieved for this indicator was using two different line segments. We believe this is due to the gold importance in the game and the several activities that can be done spending it, like donations to other agents, conversion of it in units upgrades and even receiving it for incapacity to continue constructing some buildings, for example. As we can observe in the graph, there is a large variability in this first segment while the second segment is more stable. Despite this analysis we were not able to assure that the regression coefficients are different from zero (the lowest evaluated level of confidence was 90% and is the one presented in Table I ).
Our premise that the indicators Gold and GoldRate would describe well the agents behavior was partially satisfied since we were able to characterize the GoldRate growth but we were not able to do the same for the Gold indicator. We believe this difficulty to describe this preference is due to fact that Gold is one of the "most common" and important resources in the game, permeating several possibilities, what "degenerates" the Gold evolution during the time.
This last preference being analyzed was harder to us to be characterized and we were partially able to model it, since the GoldRate describe it but not the Gold. The reasons for this is easy to be comprehended after the result analysis: creating a city (which, in this paper, we just related to Growth preference) implies in a great loss of gold since the cost of the new cities is higher than its income. The variation observed is explained by this, the cities creation. The great "jump" after the turn 300 can be explained by the "discovery" of mercantilism, besides most of the cities becoming profitable. The similarity of these characteristics with real world are remarkable.
We were unable to distinguish different agents preferences related to Gold and we believe this is because gold is an essential resource in the whole game and the preferences are "weaker" when compared to other characteristics not so essential like Culture because the agents can obtain this resource from different ways and, for a better player experience, a better balancing of this distribution is expected. During this section we showed the impact of preferences interaction to distinguish and characterize them, this became very evident with this preference.
D. Victory and Defeat
Due to our failure distinguishing some preferences with the chosen indicators, mainly the last discussed preference, we decided to evaluate the influence of the game result in the data, i.e. we separated the data in two disjoint subsets: those originated from matches that were won and those from lost matches. This decision was motivated by the following question: the analysis of all matches as being in the same group, independently of their result, does not generate noises that distort the real agents behavior? Their separation does not make these data more "stable"?
To answer this question we revisited every generated model recreating them for the two different subsets, i.e. each previous model generates two others, using data of victories and defeats. Its intuition is that the game result would impact in the indicators, e.g., an agent that loses cities successively when he/she loses the game but he/she conquers them successively when he/she won the game, maybe because it is extremely offensive at the game end, may have a "stable" behavior when both data are combined but maybe this "stable" behavior is not the best description.
1) Culture: Another analysis over this preference is useful just to validate the results previously obtained since they were extremely good.
We modeled Culture as a polynomial of degree five again and CultureRate as a polynomial of degree four. As in the previous modeling our regressions were very good for both sets (R 2 bigger than 98% to all indicators, for both agents) and all obtained coefficients are not zero with a confidence of 99%. The specific information about each regression is in Table I .
As obtained in the general analysis, the Hatshepsut coefficients were higher than those from Alexander, who has no interest for culture while Hatshepsut has. We can conclude that the Culture preference was perfectly characterized and distinguished in our work. We do not judge any additional discussion necessary.
2) Growth: As previously done, we divided all indicators in two periods: an expansionist and a maintenance one. In this preference we were able to observe benefits of the separation between matches that were won or lost. The benefit was a decrease in the data variability and a better understanding of the problem. We were not able to obtain a more distinguishable model for the different agents.
The first evaluated indicator was Cities. As in the general evaluation, the expansionist period was easily characterized to Hatshepsut and Alexander for victory (R 2 equals to 98.01% and 97.91%, respectively) and for defeat (R 2 equals to 96.98% and 96.58%, respectively), with a confidence of 99% that the coefficients are not zero. Is interesting to note that in the subset of matches won the coefficients overlaps, while they do not in the matches lost. The nonindependent coefficient of Alexander was higher than the one of Hatshepsut with a confidence of 95%.
Besides this, when Hatshepsut presents a "more" expansionist behavior it increases its victory chances. We believe the statistical difference is achieved only in lost matches because even under adverse situations Alexander still aims to expand its borders while Hatshepsut does not.
In the stabilization period we were able to better characterize the models of won matches due to the lower data variability (R 2 equals to 95.11% to Alexander and 81.79% to Hatshepsut). This result corroborates our hypothesis that the game result may influence some indicators since we observed a higher variability in the lost matches, probably due to the different types of victory: an agent can lose a game by points, without a single military conflict, or may have its lands devastated by the enemy. The coefficients of determination to Alexander and Hatshepsut in this situation were, respectively, 79.84% and 39.59%. This difference between then is probably explained by the military preference of the first, not studied here. He is probably better able to defend its lands, even when he loses the game. Figure 8 presents the number of cities in the lost matches. There is an interesting result here: we have observed that, for the first time, the non-independent coefficients (b 1 ) were lower than zero, it means that, when an agent loses a game its territory decreases at the ending. Once we finished this analysis, by the first time we were able to note the confusion generated by the game result, precisely in the number of cities. The observed variability is large because in some matches, after a specific turn, the cities may continue increasing or start decreasing.
The analysis of the Land indicator for victory and defeat was very similar to the general analysis. We were able to characterize well the expansionist period but we were not able to differentiate the coefficients between agents, nor even for matches won or lost. The information about these regressions is in Table I .
As in the general analysis, the second interval presents a much higher variability. In the set of won matches the coefficient of determination of Alexander and Hatshepsut was, respectively, 93.65% and 53.95%, with all coefficients different from zero with a confidence of 99%. This difference has already been discussed.
We were able to show in this regression that the growth rate for Alexander is bigger than the growth rate of Hatshepsut, also with a confidence of 99%. The results for lost matches were extremely variable and any discussion comparing these two agents is meaningless. Despite the variability reduction in the won matches subset we were not able to obtain additional information with this separation.
The last indicator related to this preference that needs to be revisited is Plots. The division keeps the excellent characterization of the expansionist period in the victory and defeat subsets and we were still unable to distinguish different agents. The data variability decreased after the division but no additional discussion or analysis is necessary. The results can be seen on Table I. 3) Gold: Firstly analyzing the won matches subset, as in the general analysis we were able to obtain very good regressions to the GoldRate indicator with an R 2 equals to 98.48% for Louis XIV with all coefficients different from zero with a confidence of 99%. We also achieved a R 2 of 97.03% for Mansa Musa, with a confidence of 95% that all coefficients are different from zero. Just like the general characterization the coefficients of these regressions overlap. The same occurred in the lost matches subset. We were able to obtain coefficients different from zero with a confidence of 99% and regressions with a R 2 equals to 97.98% to Alexander and 84.60% to Mansa Musa. Figure 9a presents the regression done for this last case.
The analysis of the defeat situations show us that the higher variability observed in the general data of Mansa Musa is explained by the matches lost. Probably this occurs because it loses cities at the end of the game and this implies in a smaller gold rate.
This analysis, despite helping us understand the higher variability in this agent, did not allow us to distinguish both and we believe the reasons are the same previously discussed. We present these results in Table I with a confidence of 90%, intending to show that this relaxing is not sufficient to distinguish these coefficients.
We present in Figure 9b the Gold graph of Mansa Musa, that has a higher variability. This is the unique distribution, among the four analyzed, that we were able to characterize as two distinct lines. It was not done because we were looking for functions that were able to characterize both agents. The data variability is evident observing these graphs.
As all other graphs, we can observe a high variability of the indicators values and, as previously discussed, probably due to the cities. In the performed analysis we observed, in the won matches subset, that the Louis XIV non-independent coefficient (b 1 ) is higher than the Mansa Musa coefficient, that has preference for Gold. This relation is inverted on the lost subset matches. Is interesting to note that these results seem counter intuitive since we would expect a higher coefficient in all cases. It does not happen because Louis XIV has a high preference for Culture and this influences its After all these analysis is clear that no evaluation form was satisfactory to distinguish the Gold preference between the two selected agents. During this section it was clear that, for being a central resource in the game, it suffers impacts from several sources and all these sources distort any analysis. A further study is required for this preference.
4) Overview:
Finishing all these analysis we achieve two different conclusions: first of all, for many analyzed data the separation between matches won and lost generally implies getting half of the models better and the other half worse, that is the most variable part. Despite being able to better characterize the separated models we are not able to distinguish agents preferences that had not been already distinguished by the general data.
We started to believe that the division between matches won and lost is not essential for better agents characterization, mainly because the fusion between both makes implicit the average performance of the agent: if it tends to lose more than win, with the time we would be able to better characterize its losing performance since natural "weights" would raise automatically with the results accumulation. It would be harder to be done with the separated matches. This discussion was valid mainly to show that the game stabilization period is the one that presents higher variability, this result is expected and motivator, forcing us to try to classify the players' preferences as fast as possible.
VI. CONCLUSION
We have presented here an extensive characterization of agents behaviors (inferred with the game states analysis) and the relation between these behaviors and their preferences. This deep analysis showed us peculiar relations in the game as well as an emergent complexity.
While doing our analysis we observed that the difficult to properly characterize a preference is directly proportional to the number of interactions, because some of the game indicators are affected by several preferences. Nevertheless we were able to answer the questions formulated on the first section. After this careful analysis we were able to confirm the hypothesis that the information of partial game states do characterize the different agents preferences since we were able to differ preferences such as Culture and Growth with game states indicators like CultureRate and Cities.
The second question presented at the beginning of this paper is very complex to be completely answered since it would demand a scan of all game indicators and the players preferences. Despite this we were able to intuitively present some game state information that characterized some of the agents preferences, showing us cases where exist a direct relation between the indicator slope and the agent preference level. This work has shown that this activity is possible. We believe that the approach we used is applicable in a large number of games where Civilization IV was just a testbed.
A direct benefit of this work is the possibility to implement a player modeling system based on offline review [1] to describe human players over time.
Finally, we also showed that, in most cases, the separation of games based on their result is not beneficial to the characterization for several reasons like the insignificance of the points proportion and a high similarity, in many cases, among the generated subsets and its generator creating a large overhead in the analysis.
Several activities can be done from this point. This work is just a preliminary study of the agents characteristics. Much more can be done in the preference modeling field and we believe that the path started here is very promising. Two immediate works are the comparison between different agents with the same preferences, to confirm the hypothesis that different agents with the same preferences present similar behavior; another work is the characterization of several other preferences that are available in the game, as Religion and Science.
Another unfinished discussion, that we did not answer in this work is the effect of the initial game turns in the generated models. This question is relevant because the first turns of all agents are very similar since there are not many actions available at the beginning of the game. Previous works [2] , [3] have indirectly shown that the removal of the 100 first turns is beneficial to the agents discrimination, but we believe this is not a simple discussion and it shall be better studied because, by the analysis done in this paper, 100 seems to be a great portion to be removed from the original data.
Since we characterized a pair of agents where the first one had a moderated preference and the other none, is valid to do a deeper characterization of the intermediate preferences, as also confirm that a moderated preference curve lays between the no preference curve and the high preference curve.
Finally, the main goal of this paper is to create models that are able to classify the agents preferences by their behavior in the game and the extrapolation of this model to be applied in human players. As we already said, a similar attempt was presented in [2] and [3] without success. We believe this presented study is an alternative promising approach to the problem of human classification. As we discussed at the beginning of this work, in our opinion off line review [1] is a natural approach to the data we have to solve this problem.
